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Time Series Forecasting in General

[12.5, 13.8, 15.2, 18.3, 22.1, 25.5, 23.0]

Input time series

[18, 19.5, 20.8, 22.1, 24.3, 25.5, 21.8]

Future time series

Forecaster 
(Deep Learning/Statistical model)

But what about context?
And what about reasoning?



A model might correctly predict 
a sudden spike in electricity 
demand, but it is much more 
valuable if it understands the 
cause, such as a specific 
weather event or a holiday.

The “Why” Matters

The Gap in Reliability and Explainability

Unlike numerical targets, there 
is no natural “ground truth” for 
the reasoning behind a 
forecast in existing 
benchmarks.

The Challenge of Evaluation

Currently, there are no 
standardized benchmarks that 
capture the reasoning quality 
behind a numerical forecast.

The Void



Introducing TFRBench

The first benchmark 
specifically designed to 
evaluate the reasoning 
capabilities of forecasting 
systems alongside their 
numerical accuracy.

What is it?

In this context, reasoning is a 
model's ability to analyze 
multiple data channels, identify 
interdependencies, and 
provide helpful directive for 
future forecasting.

Defining “Reasoning”

Moving from isolated numerical 
sequences to forecasts derived 
from explicit, verifiable causal 
logic.

The Paradigm Shift



● Broad Generalization: Designed to test reasoning across varying data distributions.

● Diverse Domains: It spans 10 distinct datasets across 5 high-stakes domains.

● Diverse temporal frequencies: (Hourly to Monthly)

● Univariate to Multivariate: Expands from univariate (i.e., single channel) to multivariate (e.g., 5 channels)

The Scope of TFRBench



Overview of Data Creation System

Iterative “generate, verify, and refine” cycle

5 specialized agents: Search, Reasoning, Forecasting, Verification, Summary



Overview of the TFRBench Evaluation Pipeline

The core focus of our framework is evaluating the quality of the reasoning.

We employ an LLM-as-a-Judge to audit a candidate’s reasoning trace against 
our Reference Reasoning.



Domain Relevance Forecasting Correctness Event Relevance Logic-to-Number Consistency

1. (Irrelevant/Wrong): Wrong 
domain terminology. Logic 
makes no sense.

2. (Generic): Vague language 
without domain terms.

3. (Acceptable): Basic terms 
used correctly but lacks 
depth.

4. (Good): Specific 
terminology and standard 
forecasting logic used 
correctly.

5. (Expert): Deep domain 
expertise, precise jargon, 
matches Ground Truth logic.

1. (Incorrect): Completely 
misses trend or seasonality.

2. (Weak): Identifies trend but 
ignores obvious seasonality.

3. (Average): Captures main 
trend/seasonality but misses 
magnitude/shape.

4. (Strong): Correctly 
identifies trend, seasonality, 
and general shape.

5. (Exact): Perfectly captures 
trend, seasonality, and 
inflection points.

1. (Hallucination): Mentions 
non-existent or false events.

2. (Irrelevant): Real events but 
no logical connection.

3. (Correlated): Identifies 
event but explanation is 
vague.

4. (Causal): Clearly links event 
to specific data movement.

5. (Aligned): Detailed, 
accurate causal explanation 
of impact.

1. (Contradiction): Text and 
numbers are opposites.

2. (Disconnected): Text 
describes shapes not seen 
in numbers.

3. (Weak Consistency): 
Direction matches but 
magnitude is off.

4. (Consistent): Numbers 
generally follow the 
narrative.

5. (Alignment): Numerical 
forecast is a precise 
translation of the reasoning.

Objective: Our goal is to evaluate the actual reasoning process behind forecasting. We use an 
LLM-as-a-Judge to audit candidates against “Reference Reasoning”, verifying their logical, factual, and 
domain-specific accuracy.

Reasoning Evaluator (LLM-as-a-Judge)



LLM-as-a-Judge Results

Majority of the models are not good 
at event relevance.

Though, they are good at logic to 
number conversion, their forecasting 
correctness are poor.

As forecasting correctness are poor, 
their reasoning is suffered from 
narrative bias.

This shows the risk of relying on 
regular LLM capabilities without the 
reasoning verification, TFRBench 
makes an effort to enable this.



Avg. MASE performance by domains

Accessing context for past data (e.g., weather, holidays) allows models to reason better, which is highly 
effective in Energy and Transportation.

However, this strategy is not always beneficial. In Web/CloudOps, event-aware reasoning acts as a 
distractor.



Prompting LLMs with our generated reasoning traces significantly improves forecasting accuracy compared to direct numerical 
prediction.

Key Finding: Reasoning Drives Accuracy
Overall Success Rate

LLMs are zero shot, while TimesFM-2.5 and Chronos-2.0 are pretrained with large numeric forecasting data.



Conclusion and Impact

TFRBench establishes a new 
benchmark for interpretable, 
reasoning-based evaluation in 
time-series forecasting.

A New Standard

By requiring models to explain 
their predictions in high-stakes 
domains (Energy, Finance), we 
enhance human trust and 
accountability in automated 
decision-making.

Accountability

TFRBench serves as a vital 
diagnostic tool to identify 
biases and ensure forecasts 
are driven by factual logic, not 
statistical artifacts.

Diagnostic Power


